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S1 NaS Battery Model Derivation and Validation

The detailed models from Schaefer et al.! form the basis of the reduced-order models of the
NaS battery developed in this work. The aforementioned work extensively considers the thermo-
electrochemical cell phenomena for studying the dynamic operation of the cell under load-following
conditions. The influence of the SOD on the cell EMF is studied through the modeling of electro-
chemical cell reactions using Arrhenius-type rate equations with temperature-dependent terms. In
addition, species as well as energy conservation is modeled for the chemical and ionic species of
the sulfur electrode, beta’-alumina electrolyte and sodium electrode depending on the SOD. The
resulting coupled system of partial differential equations (PDEs) is solved using Aspen Custom
Modeler V.8.4 and validated with experimental data. The data obtained on simulating the dy-
namic profiles is used to develop the battery reduced-order models using the NAARX (nonlinear
additive autoregressive with exogenous input)-based approach.

The NAARX-based reduced models, with the general form represented by Eq. 1, use nonlinear
functions of the previously observed outputs and an exogenous input time-series u to determine

the output y at any time instant ¢:
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Here, H; and Hs denote the parameter vectors determined based on the least square estimate
considering a linear in parameter (LIP) model:
Y =,
-1
H= ") 9Ty,

where, 1 represents the regression vector and Y represents the output vector, which are obtained

(2)

using the simulation data. The criterion for model selection is Akaike information criterion (AIC),
which is a well-accepted information-theoretic criterion for selecting the best approximating model
from a set of candidate models for a given set of data. It rewards the goodness of fit as well as
penalizes the increased number of estimated parameters, thereby reducing overfitting. AIC is given
by:

AIC = NlIn <TSE> + 2K, (3)

N
where, N denotes the number of data points, T'SE represents the total squared error and K
is the number of fitted parameters. Model complexity is increased until the AIC value changes
significantly. Once no significant change in AIC value is observed, the simpler model is chosen.
Using this procedure, the input memory n, output memory r and exponent values P and @ are

determined from the model which exhibits a good trade-off between model simplicity and goodness
of fit.



The reduced-order models for the NaS cell are generated in MATLAB with the inputs u as
the state of discharge of the cell SOD! (%) and the value of the current through the cell 7¢¢/
(ampere). The output y includes the cell voltage V! (volt). We define the following set mappings
for representation of the reduced-order models: Set mapping map;lis’i 1 links the individual states
18,181 to their combination s € S, with mapi’liw-s1 = 1 for the following values of {s,is,isl}:
{1¢, single, charge}, {1d, single,discharge}, {2c,two,charge}, {2d,two,discharge}. We further
define the following sets for representation of the NAARX-based dynamic model: sets Z, A4, L
denote the set of exponents of the first and second exogenous input time series and the output time
series respectively with z € Z = {1},a € A = {1},1l € £ = {1}. Sets J,B,§ indicate the set of
the number of past values to be considered for the first input series, second input series and the
output time series respectively with j € J = {1,2,3},b € B ={1,2,3},g € G = {1,2}. The index
ke =1{1,2,3,4,5} signifies the terms of the parameter vector Hy to be multiplied with the input
and output series in the NAARX model for state s.

Additionally, we introduce set mappings mapg}z,mapg?a, mapill to indicate the exponents z,a

and [ which will be active for the dynamic model of state s. The following equations represent this:

mapé’}z =1, Vz < pl,, (4a)
mapé’?a =1, Va < p2,, (4b)
mapg}l =1, Vi < ql,. (4c)

denote the number of past values of the time series

Similarly, set mappings map?,l ¥

J’ 9
used for prediction of the present battery output for state s. Here, we define:

n2 T
map&b, mapg

map?; =1, Vi < nls, (5a)
map?%7 =1, Vb < n2, (5b)
map;lg =1, Vg < rls. (5¢)

Mappings mapls“}k’ i map’;?k’ b’ map’s“iJ’ g link the elements of set K to state s, given by the follow-

ing:
mapg..; = 1, Vz<plyj<nlgk=(z—1nls+j,  (6a)
map,ap =1, Va < p2,,b <n2k =nlgpl, + (a — 1)n2; + b, (6b)
mapg?)k,l7g = 1, ) < qls7g < 7"137 k= nlspls + n23p25 + (l - 1)7"15 tg (GC)

The values of the parameters pl,,p2,,ql,,nls, n2,rl, and H,) for state s € S are given in
Table S1.



Table S1: NaS cell surrogate model parameters

Parameter Value Parameter Value Parameter Value

Pl 1 P21, 1 qly. 1
plig 1 214 1 qlig 1
Plac 1 2% 1 qlo. 1
ploy 1 D294 1 qlyy 1
nlic 2 n21e 2 rlie 1
nligq 2 n2iq 2 rlig 1
nlae 2 n2oc 2 rlae 1
nlag 2 n2aq 2 rlog 1
Parameter Value Parameter Value
Hicq -0.016426 Hoe 1 -0.021226
Hicp» 0.017258 Haco 0.021023
Hic3 -4.422954 Hoc 3 0.072455
Hica 4.429539 Hics -0.077897
Hics 0.998398 Hac s 1.000766
Higq -0.014160 Haqg,1 -0.018347

Higs 0.014107 Haa,z 0.018109
Hias 0.065784 Haa3 0.438184
Hias -0.069630  Haga -0.430225
Hias 1.001037 Haas 0.998227

The validation of the reduced-order model with the Aspen model for the single-phase charging
state is shown in Figure S1. Overall, there is a good agreement of the output voltage from the two

models for all four cell states.
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Figure S1: Validation of the reduced-order model (ROM) of the NaS cell with the model from
Aspen Custom Modeler (ACM) for single-phase charging state. The input data is shown in (a),
with the current value varied between 4.5 A and 8 A through step changes. The variation of SOD
from 86.5% to the threshold SOD is in the form of a linearly decreasing function. The corresponding
output voltage data predicted by the ROM and the actual voltage data from the ACM are shown
in (b). We observe that the voltage increases with decreasing SOD and the NAARX-based ROM

is an accurate predictor of the actual voltage data.

S2 Battery Reduced-Order Models

S2.1 Li-ion Battery Model

From the Rint model, the terminal cell voltage V! (in V) is represented by Eq. 7a. For Li-ion
batteries, the OCV is a nonlinear function of the SOC/SOD. This OCV-SOC characteristic curve
is modeled using a fitted polynomial function given by Eq. 7b for a temperature of 25 °C.2 We
define is € &' = {charge, discharge} to denote the set of cell states representing charging and
discharging. fis; in Eq. 7a denotes the flag variable for cell state is at time ¢, and zidle signifies the
binary variable for the idle state of the cell at time ¢. When the cell is in the idle state, i.e. it is
neither charging nor discharging, i%° is 1, and 0 otherwise. The flag variable helps to determine
if the cell is charging or discharging at time t¢. For instance, if the cell is charging, i.e. the charging
power yc, (in W) is positive and the discharging power yd;, (in W) has a value of 0, feharges Will
be 1 and fgischarge,t Will be 0 from Egs. 7c and 7d. For discharging, yd, will be positive and yc,
will be 0, thereby assigning values of 0 and 1 to feharge,t and faischarge,t Tespectively. The current
I¢e! is always a positive value. Thus, from Eq. 7a, the terminal voltage increases during charging
operation and reduces during discharging.

The total cell power output at time ¢, P! (in W), is represented as the difference between the



discharging and charging variables yd, and yc, using Eq. Te, which makes the cell power output
positive for discharging and negative for charging operation. The magnitude of the power output is
determined as the product of the cell voltage and the current through the cell as given by Eq. 7f. For
idle state of the cell (xi%¢ = 1), the power charged/discharged by the cell is zero, giving yd, = yc;.
Eq. 7g then determines the total number of cells in the battery pack, N as a function of the
nominal power capacity of a single cell, ncPocel (in W), and the nominal power capacity nc? of
the battery (in MW). Eq. 7h establishes the relation of the nominal energy capacity nc® (in MWh)
to the nominal power capacity through the maximum storage duration, nc”. Eq. 7i represents the
power output from the battery at any given time Ptb“t (in MW) as a function of the power output
from a single cell and the total number of cells in the battery pack. Similarly, from Eq. 7j, the
total energy capacity of the battery system EP® at any given time (in MWh) is determined as a
function of the nominal energy capacity of the battery pack and the cell state of charge. Since the
power equation does not include the storage round-trip efficiency, it is accounted for in the overall
energy balance equation given by Eq. 7k using a fixed round-trip efficiency 7° of 95%. The upper

bound on the nominal power capacity ncP is 100 MW.

Vel = 00V — IR (— funarges + faischarge) (1 — i), VieT  (Ta)
OCV{ = al SOC® + a2 SOC,* + a3 SOC, + a4, VteT  (7h)
14 —Ydhoye
Jdischarget = M, VteT (7¢)
__ ydi—ye
feharget = %”2 vieT  (7d)
Pt = yd, — yey, VeeT  (Te)
(Ptcell)2 _ Vtce”lfe”(l _ :Eidle% VieT (71)
yet = 210 VeT  (Tg)
ne® = ncPnch, VteT (7h)
phat — peell yeell (=6, Vie T (7i)
EY = necSOCy, veeT (7))
BYY = B — (0 foharges + Faischarges) PL A, vte T\{NT+1}, (7k)
0< fise <1, Vis € S'. (1)

The modified energy balance including the self-discharge rate is given by:

Efitl = Efat - (nsfcha’rge,t + fdischargat)PtbatAt - xidleEé)at%’ Vit € T\ {NT + 1}) (8)

At

where, the self-discharge rate is denoted by the parameter ¢. The last term of Eq 8 denotes that
the self-discharge takes place when the battery is in the idle state.



The operational and cost parameter values for both the NaS and Li-ion technologies are given

in Table S2. The values of the cost parameters reported are the nominal values based on the

current technology status. There are several parameters which are specific to one technology alone,

governed by the assumptions specific to that technology.

Table S2: Operational and cost parameters of NaS and Li-ion technologies

Parameter  Significance Unit NaS value Li-ion value
pmin Minimum cell voltage? A% 1.61 3
yma® Maximum cell voltage? \% 2.23 4.25
ymem Nominal cell voltage? \Y% 2 3.65
mem Nominal cell current A 6 6
el Coefficient of NaS cell energy capacity model ~Wh 144.6 -
e2 Coefficient of NaS cell energy capacity model ~Wh -162.13 -
al Coefficient of Li-ion cell OCV model? - - 0.82
a2 Coefficient of Li-ion cell OCV model? - - -0.72
a3 Coefficient of Li-ion cell OCV model® - - 0.69
a4 Coefficient of Li-ion cell OCV model? - - 3.45
Reett Equivalent series resistance Q - 0.0082
nch Maximum storage duration® - 4
ncP? Maximum power output of battery module MW 0.05 -
nePocell Maximum cell power output W% 15.46 25.5
nceoeelt Maximum cell energy capacity Wh 107 -
nc® Maximum energy capacity of battery module =~ MWh neeocett preett g6 -
Meett No. of cells in a battery module - % -
SCiv-bat Battery installation cost per unit capacity®®  $/kWh 907 320
Scofbat Unit fixed O&M cost of battery system > $/kWyr 10 3.79
SCovbat Unit variable O&M cost of battery system®®  $/MWh 0.3 0.3
tf Battery lifetime® yr 15 6

S2.2 NaS Battery Model

To represent the reduced-order models, the set of possible states of the NaS cell is denoted by
the set S with s € § = {l¢,2¢, 1d,2d}. Here, the states 1c,2c, 1d and 2d represent single-phase

charging, two-phase charging, single-phase discharging and two-phase discharging respectively. In

addition, we define is,isl € S = {single, two, charge, discharge} to denote the individual states

given by the phase of the sulfur electrode, i.e. single or two-phase and the direction of power flow



from the cell, i.e. charging or discharging. The NAARX model for the NaS cell is given as follows:

Vit = Z Z Z CelJlH ‘H sk map?é- mapglk,’m map’s’}z, Vs € {lc,2¢},Vt € T,
zeZ jeJ kek
(9a)
Vit = Z Z Z Cel]lHZ sk map’?é- mapl;}k,m mapg}z, Vs € {1d,2d},vt € T,
zeZ jeJ kek
(9Db)
V254 = Z Z Z SOfoléHaH&k map?’% map];:?k’a’b mapg?a, VseS,vteT,
acAbeB kek

(9¢)

V?’St_zzz V;CEH Skmapsgmapsklgmapsp Vs e S,Vte T,
leL geG ke
(9d)
Vi = Vi + V2 + V3as, VseS,VteT,
(9e)
Vce” Z Z Z fzs thSl tV t ma‘ps ’LS zsl(l - mZdle) + VC@” Zdle Vt 6 T?

1s€S’ is1€S’ s€S
(9f)

where, V1, V24, and V3,; denote the portion of cell voltage determined as a function of the
time-series values of the cell current, SOD and previous voltage respectively. The NAARX model
is developed assuming positive current for discharging and negative for charging. As If°" denotes
the absolute value of the current, we have two separate equations for V1, for the charging states
1c and 2¢, and the discharging states 1d and 2d, depicted by Egs. 9a and 9b respectively. The two
input time series of current and SOD, and the output time series of previously observed voltage
are summed up to obtain the cell voltage at time ¢t and state s, Vs,t/, as given by Eq. 9e. The
overall voltage at time t, er”, is then computed depending on the actual state of the cell at time
t using Eq. 9f. The various set mappings and parameters in Eqs. 9a-9f are defined in Section S1.
In addition to the flag variables for charging and discharging, Eq. 9f also includes the flag variables

for the single state and the two-phase state of the cell. These are further defined as follows:

SOD;;;EZZ 7SODth'TeS

1+ \/ u thresy?
(SODge —SODthres)
fsingle,t = 12 5 VteT, (10&)
1 _ SOD?E”—SODHWCS
SODcell _SODthres 2
ftwo,t = \/( t2 ) 5 vVteT. (10b)

If the state of discharge SODS! is greater than the threshold state of discharge SOD™ ¢ of 55.8%
for phase change, fsingie, Will have a value of 1 and fiy0¢ will be 0. Conversely, for the two-phase
state of the sulfur electrode, the state of discharge SOD{ will be less than SOD'" s resulting



in feingte, to be 0 and fipos to be 1. If the cell is in the non-idle state (zidle = 0), the cell voltage
is determined by selecting the appropriate cell model depending on the actual cell state using the
flag variables, as given by the first term of Eq. 9f. If the cell is in the idle state, the cell voltage is
equal to the voltage at the past time step, as depicted by the second term of Eq. 9f.

The relationship between the cell state of discharge and the corresponding energy capacity at
time ¢, Etce” (Wh), is expressed using a surrogate model given by Eq. 11a. Eq. 11b denotes the
energy balance for the cell. To derive the battery power output from the cell output, we assume
that each battery module has a maximum power capacity of 50 kW. The overall battery system is
then comprised of a collection of such modules connected in parallel to achieve the desired power
output. The power output from the battery at any given time is thereby determined as a function
of the output from a single cell, the total number of cells in a module M and the number of
battery modules in a battery bank M®* using Eq. 11c. Similarly, from Eq. 11d, we determine the
total energy capacity of the battery system at a given time as a function of the cell capacity Ege
and the total number of cells. The nominal energy capacity and the nominal power capacity of the
battery pack are determined as a function of the fixed nominal capacity of a single module and the

number of modules connected in parallel, as shown by Egs. 11e and 11f respectively.

Bl — ey 4 esSOD, vte T, (11a)
Etcff — peell _ peell A, VteT, (11b)
phat — peell pyeell ppbat 19=6 VteT, (11c)
Ebat — peell ppeell ppbat 10=6 Vte T, (11d)
ne = net® M, VteT, (11e)
neP = ncP° Mbet, VieT. (11f)



S3 Optimization Model

In the optimization framework, the nominal power capacity ncP is the design decision variable for
both the NaS and the Li-ion batteries. The time-dependent operating decision variables include the
battery power output yd, (in W), the binary variable for the idle state of the battery zi¥¢ power
output of the NGCC power plant P/ (in MW) and the amount of electricity undersupply of the
integrated system P/** (in MW). The power output from a single cell is determined as a function
of the cell state of operation x%dle and the discharging power yd, through the cell reduced-order
models. This is scaled up to the power output from a battery module using the fixed number of
cells in the module. The battery pack power PP is then determined as a function of the module
power and the design power capacity of the battery pack ncP. The combined power output from the
NGCC plant P;"Y and the battery pack is delivered to the grid to meet the net demand Dy, wherein
the NGCC power output and the amount of power undersupply P*® are the decision variables.

The model variables in addition to the decision variables are defined as follows: T'C": total cost
($), Cbat: battery investment cost ($), Cobt: fixed O&M cost of battery (), CZ"": variable
O&M cost of battery at time ¢ ($/h), C7”": NGCC variable O&M cost at time ¢ ($/h), C2¥":
electricity oversupply cost of integrated system at time ¢ ($/h), C}' % electricity undersupply cost
of integrated system at time ¢ ($/h), C;“"™: NGCC cycling cost at time ¢ ($), P/"Y: NGCC gross
power output at time ¢t (MW), PP*: power oversupply at time ¢ (MW), P/**: power undersupply at
time ¢t (MW), nnzt#ng ratio of actual NGCC efficiency to nominal efficiency at time ¢.

Tables S3 and S4 present the model parameters and the cost parameters for sensitivity analysis,

respectively.

Table S4: Cost parameter bounds for sensitivity analysis

Parameter  Unit Lower bound Upper bound (Li-ion/NaS)
SCivibat $ per kWh 50 320/907

SCofbat $ per kWyr 1 3.79/10

sceonI $ per MWh 10 50

scrend $ per MW 0.64 64

10



Table S3: Model parameters

Parameter  Significance Unit Value
At Time resolution for decision making h 0.1667
pdise Annual discount rate % 8
DF Discounting factor - rd+<v (1 — m)
CRF Capital recovery factor - ﬁ
T Time horizon in consideration h 24
NT Number of decision stages in time horizon - %
SCevnd Unit variable O&M cost of NGCC plant® $ per MWh 30
SCes Specific oversupply penalty of integrated system” $ per MWh 155
SOt Specific undersupply penalty of integrated system ” $ per MWh 1000
scrend Specific NGCC cycling costs® $ per MW 0.64
T Electricity price at time ¢ $ per MWh -
Dy Grid net electricity demand at time ¢° MW -
ro™d Ramp rate of NGCC plant as fraction of nominal capacity'® hr~? 1.2
premng Nominal NGCC power output MW 641
ml Coefficient of NGCC partial load efficiency model - 0.7355
m2 Coefficient of NGCC partial load efficiency model - 0.284
[ frminng Min load factor of NGCC plant % 40

The optimization formulation minimizing the total cost of the integrated system is given below.

The various attributes of the optimization model are defined as follows: The set 7 denotes the set
of time steps in the scheduling horizon, where t € 7 = {1,2,..., NT, NT + 1} and NT represents
the number of discrete decision stages. The NT + 1*" step denotes the start of the next identical

time horizon. The overall MINLP model for a given power plant is composed of 5372 equations,

5519 continuous variables and 145 discrete variables. It is solved using the global solver BARON !
v.21.1.13 in GAMS environment.

min TC — Civabat + Cof7bat + Z ((Ogv’bat + Ctmf,”g + C:s»i + CZLS’Z) At + CZ‘Q”Q)

NT

t=1
. . T
1. Cw,bat _ Scw,bat ¢ CRF 103
® ne 8760
T
Cof,bat — Scof,bat D 103
" g0

Cg)v,bat _ Scov,bat (th + ydt) Mcell Mbat 10—6’
nom,ng

ov,ng __ ov,n ngn
t
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and the cost associated with the ramping operation of the power plant.

The objective function of total integrated system cost given by Eq. 12a comprises of the investment
cost and fixed O&M cost of the battery system as fixed cost components, given by the first and
second terms respectively. The time-varying cost components, shown by the remaining terms of
Eq. 12a, include: variable O&M cost of the battery, variable O&M cost of the NGCC power plant
which includes the fuel cost, penalty on the oversupply and undersupply of electricity to the grid,

Each of these cost components are further expressed through Eqs. 7e, 12b - 12h. Eq. 12b
denotes the battery capital cost, which is first annualized using the capital recovery factor and
then further scaled over the sub-yearly time horizon of interest. Similarly, the fixed O&M cost of

the battery system is normalized over the sub-yearly time horizon in Eq. 12c. Eq. 12d calculates



the variable O&M cost of the battery as a function of the total power output. We denote the
charging and discharging power outputs by two different non-negative continuous variables (yc;
and yd,), and include the sum of the two variables in the variable O&M cost. This eliminates the
need to introduce a binary variable at each time step to represent the mutually exclusive charging
and discharging operation, and together with Egs. 12m and 12n ensures that the battery is either
charging, discharging or idle at a given time. Eq. 12e computes the variable operating cost of the
NGCC plant including the effect of efficiency loss at partial load operation. The ramping cost
associated with the dynamic operation of the NGCC plant is given by Eqgs. 12f - 12h.

Eq. 12k represents the overall energy balance for the integrated system at each time step. Here,
we introduce slack variables to relax the hard constraint on the system energy balance, with any
violations penalized in the objective through Eqs. 12i and 12j. Eq. 121 imposes a cyclical constraint
on the energy stored in the battery system over a day with a tolerance of 10%. The cyclical
constraint ensures that each day is identical with respect to energy storage, such that there is no
borrowing of energy between the days to meet the demand.

Egs. 12m - 12q denote the bounds on the battery power output and energy capacity. Eq. 12r
denotes the ramping constraint on the power plant output. The actual efficiency of the NGCC
plant relative to the rated efficiency is expressed as a function of the partial load fraction using
Eq. 12s. The parameters of the efficiency equation are determined using a linear fit for the partial
load efficiency curve from the work of Van den Bergh and Delarue.!? Finally, Eqs. 12t-12z signify
the bounds on the cell current, voltage, state of discharge, NGCC power output, oversupply and
undersupply of electricity, and power bought from the grid. The cell current at each time step
is considered to be constant at the nominal cell current for both the NaS and the Li-ion battery
technologies. The upper bound on the power oversupply, undersupply and the amount bought from

the grid is assumed to be equal to the nominal power output of the NGCC plant.

13



S4 Cost and Emission Metrics

To evaluate the system cost with the battery integration, we calculate cost metrics such as the
levelized cost of storage (LCOS) and the levelized cost of energy (LCOE).
The battery LCOS is given by the following expression:

NT NT
Civ,bat* + Cof,bat* + Zotov,bat*At + Scov,ngZPtch*At

t=1 t=1
LCOS = - , (13)

Zptd’is*At

t=1

where, Cvbat”™ cofbat™ gnq Ccovbat™ denote the optimal values of the scaled investment cost, the
fixed O&M and the variable O&M cost of the battery respectively. The fourth term in the numerator
represents the charging cost, or the cost of electricity charged into the battery system. As the
battery is being charged using power derived from the NGCC plant, the unit cost of electricity
is taken to be the variable operating cost of the power plant SC°"™. PtCh* and Ptdis* denote
the magnitude of power charged into and discharged by the battery at time ¢ respectively, where:
P = — PPat™ if the optimal battery power PP" < 0, and 0 otherwise. Similarly, Pf"" = PP*" if
the optimal battery power Ptb“t* > 0, and 0 otherwise. The overall LCOS is thus reported as the
sum of the total investment, O&M and charging cost of the battery system over the time horizon
divided by the total discharged energy.

The system LCOE with battery integration is determined using Eq. 14. Here, P}°*" represents
the total optimal power output of the integrated system at a given time ¢, and is given as the sum
of the NGCC power plant, battery and renewable power plant outputs (P"/" + Ptbat* + Pyenr).

TC*
LOOE = . (14)
Pt At
1

t=

EC’O2

The CO4 emission intensity, , of the integrated system of NGCC power plant, renewable

farm and battery is calculated using Eq. 15, where P/*"* denotes the optimal power output of

the renewable farm at time ¢, and eb@s€

represents the base-case COgy emission intensity of the
stand-alone NGCC power plant. In addition, €** represents the life cycle emission intensity of the

battery, and €"¢* denotes the life cycle emission intensity of the solar farm.

NT
Z <Pt’ﬂg*6base + F)td'is*ebat + Ptren*eren> At
co2 _ t=1
ECO? - . (15)
S (o o )
t=1
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S5 Solutions

S5.1 Battery Selection Sensitivity Study
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Figure S2: Sensitivity analysis of optimal Li-ion battery integration size with NGCC cycling cost
and battery investment cost, where (a) shows the battery size variation for the entire range of the
cost parameters, and (b) focuses specifically on the region where battery selection is optimal. The
red dashed lines in (a) denote the nominal values of the cost parameters. The orange solid lines in

(b) represent the threshold values of the cost parameters for battery selection.

To determine the combination of the cost parameters which favor the battery selection for the
nominal net load profile, we conduct a sensitivity study of the 5 specific cost parameters: the battery
installation cost, battery fixed and variable O&M cost, NGCC variable O&M cost and NGCC
cycling cost, on the integration economics. The lower and upper bounds of the cost parameters
considered for the analysis for both the NaS and Li-ion technologies are provided in Table S4.
We generate 1000 sample points based on Latin Hypercube Sampling (LHS) design of the cost
parameters between these bounds. Through this analysis, we find that the battery unit investment
cost, SC™ and the NGCC specific cycling cost, SC™, are the two most important parameters
influencing battery selection and size for both storage technologies. Figure S2 shows the variation
of the optimal Li-ion battery integration size with the two crucial cost parameters. The sensitivity
analysis for NaS battery is shown in Figure S3. We observe that the ratio of the NGCC specific
cycling cost and the battery unit investment cost has to be greater than 0.33 for Li-ion battery and
0.27 for NaS battery to achieve favorable economics of integration with the NGCC plant. For cases
where the battery is selected, the battery integration size does not exceed 20 MWh for Li-ion and
35 MWh for NaS battery. Furthermore, the average reduction in NGCC cycling costs from battery

integration is 5.18% considering Li-ion integration and 4.87% with NaS integration.
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Figure S3: Sensitivity analysis for NaS battery integration size with NGCC cycling cost and battery

investment cost.

S5.2 Battery Operational Profiles

The optimal operational profiles of the NGCC power plant with the Li-ion and NaS battery inte-
gration are shown in Figure S4. We observe that there is an underutilization of the battery capacity
resulting from bounds imposed on the battery state and voltage for safe operation. For instance,
in this case, although the optimal installed capacity of the NaS battery is 134 MW, the power
discharged at any time period does not exceed 116 MW. Thus, the battery storage is overdesigned
owing to the limitations on its utilization. This can also be observed from Figure S4d for the NaS
battery, which shows the optimal battery operational profile. The SOD is 65% at the beginning of
the day and is brought to an SOD level of 67.5% at the end of the day due to the cyclical constraint
on the energy stored. The SOD hits the lower bound of 40% when the battery is charged during
the afternoon hours. To avoid going below the lower bound of SOD, the entire excess energy in the
afternoon hours is not stored in the battery. Similarly, the amount of energy that can be discharged
is limited by the cyclical constraint. Similar operation is observed from Figure S4b for the Li-ion
case. However, due to the lower storage duration compared to NaS battery, the amount of power

oversupply/undersupply is higher.
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Figure S4: Optimal operational profiles for (a) integrated system comprising the power plant and
Li-ion battery, (b) Li-ion battery system, (c) integrated system comprising the power plant and
NaS battery and (d) NaS battery system. The profiles are shown for a time discretization of 10
minutes within a time horizon of 1 day of operation. Plots (b) and (c) show opposite trends as
they represent the different state variable used in the Li-ion and NaS models: SOD and SOC,

respectively.

S5.3 Variation of Battery Cost and Size for Integration with NGCC Power
Plants

Figure S5 depicts the variation in the battery integration size in terms of both the energy and power
capacities with increasing demand variability. For a given power plant, the increase in the battery
integration size is the highest as we move from 20% to 40% increase in renewables. Additionally,
for high NGCC nominal capacities, the optimal Li-ion battery size is at the upper bound of 100
MW /400 MWh.
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Figure S5: Optimal battery integration size in terms of (a) Li-ion nominal energy capacity, (b) Li-
ion nominal power capacity, (¢) NaS nominal energy capacity and (d) NaS nominal power capacity

for increasing renewable penetration.

Figure S6 depicts how the different cost components constituting the overall LCOE change as we
vary the extent of renewable penetration for the different power plants for the representative case of
NaS battery integration. We observe that the three components majorly contributing to the overall
LCOE include the battery investment cost, NGCC variable cost and the electricity undersupply
cost. Among these, the battery investment cost increases with the battery size as we increase
the renewable penetration and the power plant nameplate capacity. The undersupply cost also
increases across the various renewable penetration scenarios. However, the average increase is not
as significant as the increase in the battery cost. The increasing undersupply cost can be attributed
to the peak in the net demand profile which increases as we increase the renewable penetration.
Although a bigger battery can provide the required discharge power to reduce undersupply as we
increase the renewable penetration, there is a trade-off between completely meeting the demand
peak and the battery cost. An interesting observation from Figure S6 is that the NGCC variable
operating and fuel cost decreases with increasing battery size. The NGCC cycling cost forms
a small component of the LCOE and does not show a distinct trend for increasing battery size

at the same renewable penetration level. The increasing battery investment and the electricity
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undersupply cost with the renewable penetration and NGCC nominal capacity contributes majorly

to the overall increasing trend shown by the overall LCOE.
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Figure S6: Cost components of (a) battery investment cost, (b) battery fixed cost, (c) battery
variable cost, (d) NGCC variable cost, (e) electricity undersupply cost, (f) electricity oversupply
cost and (g) NGCC cycling cost constituting the LCOE of the integrated system for 20%, 40%,

60% and 80% increase in renewable energy penetration considering NaS battery integration.
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